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ABSTRACT
Quantifying how dynamic soil properties (DSPs) are affected by different management
regimes is essential for understanding how these vital resources can be better managed. The
Dewey soil series is a critical soil series in East Tennessee. For this study, the University of
Tennessee, Knoxville (UTK) worked alongside the National Cooperative Soil Survey (NCSS) in
an effort to better understand the dynamics of the Dewey soil series through a wide range of DSP
data. To accomplish this, Dewey soil was collected from five sites which are considered
representative of five management regimes: well-managed cropland (WMC), poorly-managed
cropland (PMC), well-managed pasture (WMP), poorly-managed pasture (PMP), and a reference
state (RS). At UTK, the samples were analyzed for 15 DSPs, and a duplicate set of samples
were analyzed at the University of Missouri Soil Health Assessment Center for 8 additional
DSPs. The resulting data were analyzed using structural equation modeling (SEM) to quantify
the relationships between each analyzed DSP. The goal of this study was to answer the
following questions: How do soil organic carbon (SOC) stocks differ between each of the five
represented management regimes, which DSPs are the most important controls on SOC, and
which management regimes will promote the lowest levels of microbial sensitivity to
temperature change? ANOVA and Tukey’s HSD analyses were run on the SOC and Q10 values
for the surface soil samples by site. The only significant difference in SOC was between the RS
and PMC sites (p=0.0382), and the WMP site was found to have a significantly lower mean Q10
than all other sites. The SEM produced by this study shows significant predictive relationships
between SOC and Total Nitrogen, Potentially Mineralizable Nitrogen, Microbial Biomass
Carbon, and pH with direct path coefficients of 0.61, 0.24, 0.24, and -0.06 respectively. The
DSP found to have the strongest total effect on SOC was POXC, which was also found to have a
strong one-on-one correlation with SOC. This implies that while POXC was not found to have a
direct relationship with SOC, it can still be used as an indicator for SOC in Dewey soil.
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CHAPTER I: INTRODUCTION
Introduction
Soil quality—a concept frequently used interchangeably with soil health—has been
defined as “the capacity of a specific kind of soil to function, within natural or managed
ecosystem boundaries, to sustain plant and animal productivity, maintain or enhance water and
air quality, and support human health and habitation” (Karlen et al., 1997). Soil organic carbon
(SOC) plays a key role in soil quality. The ability of a soil to store SOC is controlled by a
variety of physical, chemical, and biological soil properties known as dynamic soil properties
(DSPs). Tugel et al. (2005) defines DSPs as soil properties which change over a human
timescale. These properties can change as a result of both natural and human intervention. Land
use change and shifts in management practices can significantly alter ecosystem function and
SOC stocks in soils, but data on the impact that these changes have on DSPs are still lacking.
The National Cooperative Soil Survey (NCSS) has begun an effort to better characterize
soils based on their DSPs. These DSP Projects are an annual requirement for every NCSS office.
This study was performed as part of one of these DSP Projects. The Dewey soil series is a
critical soil series for the eastern Tennessee region, and the purpose of this DSP Project was to
characterize this series across five different land-use-management regimes in an attempt to better
understand how this soil is affected by shifts in land-use management. One DSP that this study
has put particular focus on is SOC due to its strong ties to soil quality.
The purpose of this thesis is to determine a suite of DSPs that is most predictive of SOC
and analyze how these DSPs are affected by different land management regimes. SOC itself is a
DSP, and therefore changes on the human timescale along with the other DSPs. As land
management regimes shift, so do each of the DSPs, all at different rates and in different ways,
affecting each other in the process. One of the goals of this project is to determine which DSPs
are the most closely related to the change in SOC to gain a better understand how SOC stocks are
affected by land management. Understanding the complex relationship between different land
management regimes and SOC stocks is critical to the future of agriculture and natural resource
management. Another DSP this proposal is focused on is microbial respiration. By looking into
a Q10 measurement of soil respiration, this study aims to distinguish which land management
regimes promote soils that are the most resistant to temperature change. As climate change
1

progresses and air temperatures climb so will the temperature of our soils. This increase in
temperature can increase the rate of microbial respiration in the soil, resulting in a loss of carbon
to the atmosphere as CO2. Understanding how different management regimes affect this change
can further improve the management decision-making process when it comes to planning for a
changing climate.
Background
Soil Organic Carbon (SOC)
Soil is the largest terrestrial carbon pool on the planet, containing about 2500 Gt of
carbon, about 1550 Gt of which is held in the SOC pool (Lal, 2004). A 10% loss in global SOC
would result in the emission of enough CO2 to equal 30-years-worth of all human-derived CO2
emissions (Kirschbaum, 2000). There are many dynamic and inherent soil properties which
control for both how well a soil sequesters carbon and how much carbon a soil is capable of
sequestering. These properties can vary widely from one soil to another. This is why it is so
important to monitor and understand the dynamics of SOC—and the properties which control for
it—in all soils.
SOC is also strongly related to yield. The abundance or lack of SOC can be tied to
yield—and therefore soil quality according to its definition—through its enhancement of many
soil physical properties such as stable aggregates, water holding capacity, and structure, and by
improving the soil’s supply of nutrients (Lal, 2006). A diagram exemplifying these relationships
is shown in Figure 1. Management practices which increase SOC content in soils are also tied to
yield stability. This is because these practices tend to lead to better infiltration, less erosion, and
reduced soil temperatures. These qualities protect crops from extreme weather events and
seasons by preventing flooding, nutrient loss, and heat stress (Page et al., 2020). For all of the
above reasons, SOC has been, and continues to be, the focal point of many soil quality and
carbon sequestration studies. One major part of many of these studies is the examination of
other DSPs and how they relate back to SOC and its accumulation in or depletion from soils.
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Figure 1: A diagram showing how enhancing SOC content results in higher yields.
Figure obtained from Lal (2006).
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Mechanisms of Stability
Whether carbon is accumulated in the soil or lost to the atmosphere is a function of a
variety of physical, chemical, and biological mechanisms. These mechanisms create a complex
network of soil properties that control the stability of SOC stocks in soils.
Physical Properties
Texture
One physical property which has been found to control for—or highly correlate with—
SOC is texture. The particle-size fraction which is most responsible for the relationship between
SOC stocks and texture is that of clay. Clay content has been shown to be highly correlated with
SOC (Feller & Beare, 1997, Xu et al., 2016). This is due to the high surface area of clay
particles and the physical protection provided by smaller pore sizes. Clay particles provide a
large surface for organic molecules to adsorb to via cation bridging (Feller & Beare, 1997). This
means the higher the clay content of a soil, the more surface area there is for organic molecule
adsorption. Texture also controls SOC content through pore-size distribution. Microbial
decomposers have a limit to what size pores they can live in. A soil with a high percentage of
pores that are smaller than this limit will do a better job of protecting SOC from microbial
decomposition than a soil with larger pores (Feller & Beare, 1997). Due to their smaller size,
clay particles result in smaller pore sizes than do sand particles; therefore, the higher a soil’s clay
content, the more small-pore space there is for SOC to be protected in.
Stable Aggregates
Another physical property which controls for SOC is stable aggregates. Aggregates can
be formed in many ways, one of which is through the binding of organic matter (OM) to multiple
clay particles at once through cation bridging (Tisdall & Oades, 1982). This is one way that
stable aggregates are strongly related to OM and SOC content. Another way this property is
related to SOC is through the physical protection provided by the existence of aggregates.
Aggregates provide small pores where SOC can become trapped. In this way, aggregates can
sequester carbon and protect it from microbial decomposition. As a result of this double-facetted
4

relationship between stable aggregates and SOC content, where an increase in each property can
result in the increase of the other, SOC and stable aggregates are often highly correlated (Lee et
al., 2009, Tisdall & Oades, 1982).
Moisture
Like stable aggregates, soil moisture has a multi-facetted relationship with SOC. One of
these facets is its ability to provide physical protection for carbon in the soil from microbial
decomposition (Donnelly et al., 1990). Soil microbes depend on wet conditions to move about in
the soil, so when micropores are full of water, the microbes are able to move freely and have
access to the nutrients round them. When soil moisture decreases, so does the space in which the
microbes are able to move. If a microbe is separated from a carbon source by air rather than
water, it cannot access that carbon, and that carbon is physically protected from microbial
decomposition. On the other hand, a certain level of soil moisture is required for the growth of
plants and the maintenance of microbial biomass-C (Logsdon et al., 1987). Without these, the
soil would lose out on important C-inputs, so instead of a one-way relationship where an
increase/decrease in one property correlates to an increase/decrease in the other, soil moisture
and SOC have a complex, balance-driven relationship. Destiny & Tyson (2019) found that soil
moisture was the strongest predictor of SOC in a temperate grassland, easily outweighing the
influence of climate factors such as mean annual precipitation and temperature, which had
previously been found to be the strongest predictors in many models that did not include soilclimate factors such as soil moisture and temperature. They indicate that more research is
required to determine if the strength of this relationship holds true in other climate/vegetation
regimes.
Bulk Density
Bulk density has also been found to strongly correlate with SOC. Bulk density is related
to SOC through the physical attributes of OM, making it have a much lower bulk density than
mineral matter. This correlation is due to an increase in SOC resulting in a decrease in bulk
density. A soil with higher levels of OM will generally have a lower bulk density than that with
lower levels of OM, meaning that an increase in SOC usually leads to a decrease in bulk density
5

(Tisdall & Oades, 1982). An example of this relationship can be seen in the study done by Li et
al. (2007) where they found that the soil in a native pasture had a lower bulk density than that in
a nearby annually-cultivated field. A similar study by Evrendilek et al. (2004) showed higher
bulk densities in cultivated soils than that in adjacent forest and grassland soils. In both cases, it
was concluded that this difference in bulk density was due to a lower SOC content in the
cultivated soils. Both of these studies found SOC and bulk density to have a strong, significant,
negative relationship.
Chemical Properties
Cation Exchange Capacity
There are also many chemical properties which strongly correlate with SOC. The first of
these properties is the cation exchange capacity (CEC) of a soil. One way this property is
correlated with SOC stocks is through its relationship with clay minerology and organic matter
(OM) content. The range of CECs that a soil can have is largely determined by its clay
minerology and OM content. Some clay minerals have much higher CEC ranges—like
vermiculites which have CECs ranging from 100-200 cmol/kg—than other clay minerals—like
kaolinite which has a CEC range of only 1-10 cmol/kg. CEC is also higher in soils with higher
OM contents. This is due to the elevated amounts of dissociated organic functional groups
present in such soils (Essington, 2015, p. 85, 96, 496). CEC is also tied to SOC content, because
effective CEC is a representation of the available sites for SOC adsorption. The higher the CEC,
the more opportunities there are for SOC to adsorb to, and become chemically protected by, clay
minerals (Solly et al., 2020).
pH
SOC could also be strongly correlated with pH, as it can have a profound effect on its decay
rates in a soil. Min et al. (2014) conducted a study of how pH and temperature affected the
decay rates of C and N in soils. They found that pH had a significant effect on C and N decay
rates. This relationship was the result of how well two different extracellular enzymes (BGase
and NAGase) functioned across varying pH ranges. The functionality of these enzymes was also
observed across a range of temperatures to determine how pH affected the sensitivity of these
6

enzymes to temperature. NAGase was found to have a narrow, well-defined range of pH levels
at which it was performing optimally (pH 5.5-6.5). This range and the decay rates associated
with it did not vary significantly with changes in temperature, meaning that the activity of
NAGase has a low temperature sensitivity. BGase was observed to have the opposite response to
pH and temperature. It had a wide range of pH levels at which it performed optimally (pH 5.58.5), but its performance varied significantly across temperatures at all observed pH levels.
Leifeld et al. (2008) also found that pH had a significant effect on SOC decomposition rates.
They did this by comparing predictions from the RothC model which did not include the effect
of pH, and a modified RothC model which did include the effect of pH, to observed changes in
SOC decomposition rates across an elevation gradient. The model which included the effects of
pH produced values which were much closer to the observed values than did the model which
did not include pH. This study also observed a relationship between temperature sensitivity and
pH in soil, indicating that it is very important to observe and consider pH levels whenever
addressing a question related to SOC stocks and the soil’s sensitivity to temperature change.
Permanganate Oxidizable Carbon
In a study conducted by Culman et al. (2012), the results from 12 different studies which
included Particulate Organic Carbon (POC), SOC, and Permanganate Oxidizable Carbon
(POXC) analyses were compiled and used to learn more about the POXC fraction and how it
relates to the other labile C fractions. They found that POXC makes up about 4% of total SOC
and that this small fraction was highly sensitive to shifts in management. They also found that
when compared to different size fractions of POC, POXC was most strongly correlated with the
smallest of the size fractions (53-250μm) with POXC explaining 63% of the variation in C
concentrations for this size fraction. For comparison, POXC only explained 4 and 31% of the
variation in the two larger size fractions. According to Culman et al. (2012) this infers that
POXC represents a more processed/degraded fraction of SOC. In this same study, the sensitivity
of each soil C fraction to management was analyzed. They found POXC to be the most sensitive
fraction in 42% of the studies, while the other fractions were less commonly found to be the most
sensitive. How sensitive POXC is can be strongly affected by organic inputs (Singh et al., 2020;
Xia & Wander, 2021) and soil moisture/temperature and seasonality can have a major effect on
7

POXC, SOC, and POXC:SOC (Ma et al., 2018) so it is important to quantify the relationship
between SOC and POXC in a soil across various environments/management regimes rather than
relying on asset or standard relationship for making predictions. Stable aggregates also tend to
have a strong relationship with POXC due to the protection they provide against erosion, which
allows POXC to accumulate in the soil (Weidhuner et al., 2021).
Extractable Organic Carbon
Extractable Organic Carbon (EOC) is often used as an indicator of SOC quality. EOC is
a highly labile pool of carbon which reacts to shifts in management much quicker than SOC
does, and it is often strongly correlated with SOC; however, it does not always follow the same
pattern as SOC. Boyer & Groffman (1996) found that while SOC levels were significantly lower
in a cropland than in a forest, EOC was actually higher in the cropland. They concluded that this
was due to higher litter quality in the cropland (a cornfield) resulting in the production of more
labile carbon in the surface soil. Magill & Aber (2000) looked into EOC levels in forest soils
with varying N treatments and litter qualities. Their findings agree with the conclusion drawn by
Boyer & Groffman (1996) in that EOC levels were most strongly controlled by litter quality.
Understanding the quality of SOC is a very important step toward predicting how SOC stocks
will be affected by future shifts in temperature due to climate change. The “C qualitytemperature” hypothesis suggests that the temperature sensitivity of SOC stocks and SOC quality
should be inversely correlated. Xu et al. (2012) performed a study to test the “C qualitytemperature” hypothesis using their unique set-up which allowed them to avoid common
complications and set-backs experienced by most other studies which have attempted to do the
same, and their results supported the stated hypothesis. This indicates the importance of
measuring EOC alongside SOC in any study which aims to observe how changes in land-use
affects SOC stocks both under current conditions and under future conditions which have been
altered by climate change.
Carbon to Nitrogen Ratio
Another chemical property which has been shown to control for SOC content is the
carbon to nitrogen ratio (C:N) of the soil. This relationship exists in two parts: the carbon
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content and the nitrogen content. The first part of the relationship is simple; the higher the SOC
content, the higher the total C content, and the higher the C:N ratio. The second part is only
slightly more complicated and works in the opposite direction. As N content is increased,
microbial activity is increased as well, due to nitrogen being an essential nutrient for microbial
life. This creates an increased decomposition rate, resulting in a loss of SOC (Xu et al., 2016).
Microbial decomposition is a critical part of the carbon cycle, as it is how large residues are
broken down and incorporated into the soil (Enriquez et al., 1993), but an overstimulated
microbial decomposition rate can result in the C outputs overtaking the C inputs and an overall C
loss. Adding nitrogen fertilizers to soil to boost yield is a common practice, since nitrogen is
also essential for plant growth; however, it is important that this is not done in excess for many
reasons including this overstimulation of microbial activity.
Total Nitrogen
To determine the overall C:N ratio of a soil, Total Nitrogen (TN) must be measured, but
this measurement alone is not enough to fully understand the role that this Nitrogen is playing in
a soil. The N-dynamics of a soil is determined by many variables including the microbial
community composition, the size of each N pool, and the availability of organic C. In a study
conducted by Barrett & Burke (2000), the rates of nitrogen mineralization and immobilization
were observed alongside SOC content in soils across an SOM gradient. They found that SOC
content and N-immobilization rates had a strongly positive correlation. They state in their
conclusion that this is due to N-stabilization being facilitated by a microbial community which is
stimulated by a substrate with plentiful readily-mineralizable C. The state of N in the soil is also
highly important, because the availability of N to plants and microbes alike is dependent on the
state that it is in. This is why studying the different pools of soil N is integral in gaining a bigpicture understanding of the role Nitrogen is playing in a soil system.
Potentially Mineralizable Nitrogen, Ammonium, & Nitrate
There are three pools of soil N which are often measured concurrently to gain an
understanding of the N-dynamics of a soil. Potentially Mineralizable Nitrogen (PMN) is the
organic N fraction which is available for microbial conversion to plant-available inorganic N.
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Due to this relationship, PMN is considered representative of and is often strongly correlated
with the plant-available fraction of soil N (Bonde et al., 1988). Through microbial
ammonification and nitrification processes, PMN can be converted into ammonium, and
ammonium can be converted into nitrate. The concentrations of ammonium and nitrate in a soil
measured alongside other biological soil properties can provide a window into the microbial and
plant dynamics occurring in that soil.
Biological Properties
Microbial Respiration and Q10
The biological properties of a soil have also been found to strongly correlate with SOC.
Microbial respiration is a very important controlling factor for how much CO2 is released from
the soil into the atmosphere. This is why many of the physical properties discussed previously
are so strongly correlated with SOC. They serve as protections against microbial respiration.
When looking into a soil’s rate of microbial respiration and its relationship with that soil’s ability
to store SOC, it is important to understand how this rate might change over time and how
sensitive that rate is to environmental change. One way this can be observed is through a Q10
experiment where microbial respiration is measured at multiple temperatures and compared to
one another. Through experiments like this, it is possible to predict how a soil’s microbial
respiration rate could change as the planet continues to warm. There are many factors which
might affect a soil’s sensitivity to temperature change. For instance, soil moisture has been
found to have a significant effect on a soil’s Q10. Zhou et al. (2014) conducted a Q10 experiment
where temperature sensitivity was measured across five different soil moisture levels (20%, 40%,
60%, 80%, and 100% WHC). They found that Q10 was significantly higher at the higher levels
than at the lower levels. They concluded that as climate change continues, soils which
experience decreasing precipitation will have decreasing Q10 values over time, while soils which
experience increasing precipitation will have increasing Q10 values over time. Another study
which looked into the properties which might have an impact on Q10 (Meyer et al., 2018) found
that the relationship between Q10 and moisture is significant; however, they found that this
relationship was controlled by soil pH. Their results indicate that Q10 increases with increasing
moisture in soils with high pH, while low pH soils exhibited the opposite relationship. Meyer et
10

al. (2018) also observed differences in Q10 across management, with forests having the highest
Q10 values and croplands having the lowest. Understanding how a shift in management can
affect a soil’s ability to withstand the effects of climate change is a critical step in the continued
conservation of our planet’s soils.
Extracellular Enzymes
The use of extracellular enzymes is a method for microbial life to break down more
recalcitrant organic structures, such as lignin, to make it possible for the microbes to take the
nutrients into their bodies and metabolize them; therefore, the presence and activity of these
enzymes are strongly linked to the decomposition versus accumulation rates of SOC.
Extracellular enzyme activity is also a major driving force in why other soil properties, such as
pH and temperature, are strongly related to SOC levels. As stated earlier, both Leifeld et al.
(2008) and Min et al. (2014) have found extracellular enzyme activity to be significantly affected
by both temperature and pH. There are many different extracellular enzymes at work in the soil,
and their effect on the decomposition rate of SOM can be profound; therefore, it is important to
analyze the presence of these enzymes when looking into the carbon dynamics of a particular
soil.
Microbial Biomass
Another biological property which strongly correlates with SOC is Microbial Biomass.
This correlation is largely because microbial biomass-C (MBC) is part of the SOC pool. MBC
on its own is sometimes used as a soil health indicator, but its relationship with SOC can also
provide useful insight into a soil’s functionality. Sparling (1992) and Anderson & Domsch
(1989) both discuss the ratio of MBC to SOC (MBC:SOC) and its usefulness as an indicator of
SOM accumulation/depletion. When looking at the MBC:SOC ratio of a soil over a short time,
an increase in the ratio is an indication that SOM inputs are increasing, a decrease in the ratio
indicates the opposite, and a steady ratio indicates that a soil has reached an equilibrium. This is
because MBC is much more sensitive to shifts in inputs than SOC, which takes a much longer
time to exhibit significant changes due to environmental/managerial shifts (Anderson & Domsch,
1989). This is why Sparling (1992) concludes that the MBC:SOC ratio is a more sensitive
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indicator of OM status in a soil than SOC alone. This is why it is important to study these two
properties in tandem. A measurement of MBC is a valuable contribution to any SOC-focused
study.
Management
These mechanisms of stability for SOC can be impacted by changes in the environment.
Land management shifts can have an especially strong effect on how well carbon is stored in
soils. Conventional tillage versus conservation tillage is one very common example of how land
management can affect soil health. The use of cover crops and grazing intensity are both also
strong examples. These management practices can have a profound effect on the mechanisms
that stabilize SOC in the soil.
Tillage
When soil is conventionally tilled, the surface soil is turned over. This disturbs the soil’s
natural structure, breaks up aggregates, and erodes the topsoil. By doing this, soil carbon which
would have otherwise been protected is either removed via erosion or exposed to the microbial
community, and much of that carbon is then lost to the atmosphere through microbial respiration.
One issue that arises when soil is tilled is the priming effect. The priming effect occurs
when a microbial community is introduced to a sudden increase in labial nutrients either through
nutrient additions or through the exposure of previously inaccessible nutrients. This spike in
labial nutrients leads to a rapid stimulation of microbial decomposition for a short period of time,
while the newly available nutrients last. When any change in management which exposes labile
nutrients is made, the priming effect must be considered. While this effect is generally shortlived, if it occurs over and over without enough time in between for lost SOC to reaccumulate, it
can lead to overall SOC loss (Stockmann et al., 2013). Not only does tillage expose physically
protected carbon to the microbial community, it also pushes fresh residues further down into the
soil profile than where they would naturally exist. This means that not only is old carbon being
exposed to the microbial community, but the microbial community is also being introduced to
new carbon, resulting in the priming effect.
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Grazing
Native grasslands and prairies have some of the highest SOC contents of all ecosystems
due to high belowground biomass and extensive groundcover, and are one of the few land-use
transitions away from a forest which have been shown to result in an increase in SOC (Guo &
Gifford, 2002). This is why it is so important to observe the dynamics of these systems. Many
studies agree that conversion to grazed pasture results in the depletion of SOC stocks in these
systems (Powlson et al., 2011, Guo & Gifford, 2002, Nie et al., 2019). Nie et al. (2019) looked
into the relationship between grazing and a Q10 for soil respiration. In their study, they compared
respiration rates across three different grazing management practices: exclusion, rotational
grazing, and year-round grazing. They found that the practice which promoted the lowest
respiration Q10 was exclusion. They conclude that grazing has the potential to increase a soil’s
sensitivity to temperature change. They also found that the rotational grazing plot had a
significantly (P < 0.05) lower Q10 value than did the year-round grazing plot.
Dynamic Soil Properties
As stated earlier, DSPs are soil properties that change over the human timescale. Some DSPs—
such as moisture and the rate of microbial respiration—can change within days, weeks, or
months as a result of weather events, the diurnal temperature cycle, and seasonality. Other
DSPs—such as SOC—may take many years to change significantly. To truly understand and
successfully manage a soil, we must understand how its DSPs change, how they affect one
another, and how major shifts in management affects these dynamics. These changes can take
place due to either natural causes such as precipitation events or drought, or they can be due to
human causes such as cultivation or management shifts, as discussed in the previous section.
As a soil’s environment changes, so does the soil itself. Many environmental changes are
caused by natural processes while some are caused by anthropogenic processes. These changes
can be as minor as a brief precipitation event or as major as global climate change. Two major
environmental factors which can affect a soil’s DSPs are moisture and temperature. This can be
on a diurnal scale (precipitation events and temperature differences between night and day), on
an annual scale (seasonal changes in weather patterns and in overall temperature), or over the
course of many years as a result of climate change.
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One DSP which can be affected greatly by these environmental shifts is microbial
respiration. Temperature and moisture regimes are both major determinants of microbial
respiration, but even slight changes in either environmental temperature or moisture can affect
microbial respiration rates. As discussed earlier, one way to determine how a soil’s respiration
rate will be affected by a shift in temperature is through a Q10 respiration experiment similar the
one conducted by You et al. (2018). The Q10 of a soil’s respiration rate—along with the other
DSPs—is not only affected by natural environmental shifts. As discussed earlier concerning
SOC, changes in land use can also have profound impacts on a soil’s DSPs.
NCSS DSP Projects
The National Cooperative Soil Survey (NCSS) has begun working towards a better
understanding of DSPs and how they relate to land management through annual DSP projects.
Figure 2 shows how DSP data can be used within the NRCS framework to help them better assist
land owners in improving the quality of their soils.
These DSP projects are an important step in the effort to better understand our soils and how
they function and respond to change. The information obtained through these projects will help
the NRCS to better predict how the dynamics of a specific soil might be altered by a shift in
management practices. Each DSP project is planned with a specific Ecological Site Description
(ESD) in mind and focuses on one or a group of critical soil series that fall within that ESD.
These soil series are then studied under many different management regimes, including a
reference state, to determine how they function under each regime. Once data collection has
been completed, a State and Transition Model (STM) can be developed to represent how the
relevant soils may change from one management regime to another.
Study Sites
For this study, five sites have been selected. Each site is considered representative of one of five
different management regimes, these regimes being a reference state (RS), a well- managed
cropland (WMC), a poorly-managed cropland (PMC), a well-managed pasture (WMP), and a
poorly-managed pasture (PMP). For the RS site, a plot within the Oak Ridge National
Environmental Research Park (ORNERP) has been chosen. This site is one of the very few
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Figure 2: A diagram showing how data gathered via NCSS DSP projects is used as
reference data.
These reference data will be used to enhance Ecological Site Descriptions (ESD), and to inform the corresponding
State and Transition Models (STM) and related interpretations (Wills et al., n.d.).
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available locations in East Tennessee which has not been disturbed by cultivation in the last 100
years, and is therefore considered to be the most natural state available. The ORNERP is a
mixed conifers and hardwoods forest which was sampled in the late Fall when there was a thick
layer of leaf litter covering the ground. The WMC site is a private farm located in Jefferson
City, Tennessee. This site is under a corn and soybean rotation with no-till and cover crop
management using cereal rye and barley as its cover crops. It has been under this management
regime since 1984 and is known for having very high levels of OM for this region—as much a
6%. The PMC site is a private farm located in Bradley County, Tennessee. This site’s main
crop is corn and it is under conventional tillage. When sampled, this site had just started its first
year of winter cover crops, using daikon radish, cereal rye, and clover. The WMP site is within
the Blount Research Farm in Blount County, TN. The pasture that was sampled from is under
rotational grazing. This was the first site sampled in the early Fall of 2020. The PMP site is a
privately-owned pasture located in Catoosa County, GA. This pasture is under continuous
grazing and has noticeable erosion. A list of these sites and their locations and characteristics
can be found in Table 1.
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Table 1: Site Description Summary
A summary of sites to be used with their management regime designation, location at both the county and coordinate
level, and a brief description of each site.

Site Designation

Site Location
(County)
Anderson County,
TN

Site Location
(Coordinates)
36° 56’ 12” N
84° 25” 49” W

Well-Managed
Cropland (WMC)

Jefferson County, TN

46° 8’ 43” N
83° 26” 52” W

Poorly-Managed
Cropland (PMC)

Bradley County, TN

35° 13’ 33” N
84° 47” 15” W

Well-Managed
Pasture (WMP)
Poorly-Managed
Pasture (PMP)

Blount County, TN

34° 50’ 32” N
83° 57” 55” W
34° 47’ 22” N
84° 9’ 24” W

Reference State (RS)

Catoosa County, GA
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Description
Mixed hardwoods
and conifers
100 years undisturbed
Corn-soybean
rotation
No-till since 1984
Cover crops
Corn
Conventional tillage
First year cover crops
Grass-legume pasture
Rotational grazing
Grass-legume pasture
Continuous grazing

CHAPTER II: MANAGEMENT EFFECTS ON SOIL ORGANIC CARBON AND HOW
OTHER DYNAMIC SOIL PROPERTIES RELATE IN A CRITICAL EAST
TENNESSEE SOIL
Introduction
There have been many studies concerning how land management affects the soil and its
ability to sequester carbon, but due to the complexity of soils, further studies need to be done to
understand how individual soil types are affected by shifts in land management at the local level.
Learning how common management techniques affect how well Dewey soil—a predominant
critical soil series in East Tennessee—is able to sequester carbon is a key goal of this study. This
goal was approached by attempting to answer the question: how do soil organic carbon (SOC)
stocks differ between a reference state, a well-managed cropland/pasture, and a poorly-managed
cropland/pasture? The differences between the SOC stocks of a soil from a reference state site—
in this case a forest—and that of soils from sites under a variety of management regimes provide
insight into how management impacts Dewey soil’s ability to accumulate carbon; however, due
to how long it can take SOC to respond to change, there are limitations to how much information
SOC can provide when observed on its own. For this reason, 18 other dynamic soil properties
(DSPs) have been measured alongside SOC. Many of these DSPs have been found to act as
controls on SOC stocks, so to make up for SOC’s slow response to change, some of these DSPs
could potentially be used to predict how SOC will change in the future. The relationships
between all of these DSPs and SOC can vary across soil series, so it is important to determine
which DSPs are the most important controls on SOC in Dewey soil specifically. In response to
these two questions, the following hypotheses were proposed:
Hypothesis 1
In comparison with the reference state, SOC stocks will be similar in the well-managed
regimes and lower in the poorly-managed regimes.
Rationale for Hypothesis 1
Many studies—including those of Causarano, H. J. et al. (2006), Garten, C. T., &
Ashwood, T. L. (2002), and Schönbach, P. et al. (2012) all of which took place in locations
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similar to East Tennessee—have shown that the use of conservation practices, such as no-till,
leads to an increase of SOC stocks in soils. The same is expected to be true of Dewey soil. It is
also expected that the reference state will have similar SOC levels to that in the well-managed
regimes, because it is undisturbed and allowed to accumulate carbon in the soil without the
interruption of tillage or heavy grazing.
Hypothesis 2
Water-stable aggregates, temperature, moisture, and clay content will be more strongly
correlated with SOC stocks than other DSPs including: bulk density, pH, and Total Nitrogen.
Rationale for Hypothesis 2
Water-stable aggregates will be strongly correlated with SOC due to the protection from
erosion that aggregates provide for the SOC. It is expected that moisture will be strongly
correlated with SOC. Many studies such as Avijit, et al. (2021) have found that an increase of
soil moisture results in better SOC stability in soils. Clay content will be strongly correlated
with SOC due to the sorption processes with clay which stabilize SOC.
Methods
Field
Three soil pits were dug using either a shovel or a backhoe in a triangle formation with
one main pit—at least 100cm deep—and two satellite pits—at least 50cm deep. All samples
were taken from the Dewey soil series. After full classification by the NCSS, bulk soil and bulk
density samples were taken from five depths (0-5cm, 5-10cm, 10-15cm, 30-35cm, and 45-50cm)
in each pit. Bulk soil samples were at least 400g each to ensure enough soil was taken for all
laboratory analyses. Bulk density samples were taken according to the core method (Blake &
Hartge, 1986). As samples were collected, they were placed in pre-labeled plastic bags and
stored in a cooler with ambient temperature ice packs for insulation to keep the samples as close
to their original temperature as possible.
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Laboratory Sample Prep and Subsampling
Once transported to the laboratory, samples were sieved past 2mm prior to further
laboratory analyses. 100g were taken from the bulk soil samples and placed in labeled paper
bags to air dry and archive. Another 100g were frozen at -20°C and 10g at -80°C for possible
future analyses. Additional subsamples were taken and shipped off to the University of Missouri
Soil Health Assessment Center for the analysis of SOC and other additional DSPs (water-stable
aggregates (WSA), clay content, phosphorus, total nitrogen (Total N), active carbon, and
potentially mineralizable nitrogen (PMN)).
Gravimetric Water Content (GWC)
After sieving, 10g from each sample—fresh weight—were placed in aluminum tins and
oven-dried at 105°C for at least 48 hours. After oven drying, soil was allowed to cool to room
temperature and then weighed to determine dry weight. Dry weight was then subtracted from
fresh weight and the result was divided by the fresh weight to determine water content of each
sample.
Bulk Density (BD)
Prior to sieving, core-sampled bulk density samples were weighed and fresh weight was
recorded. After sieving, rocks remaining on the sieve were weighed and rock weight recorded.
Once Gravimetric Water Content (θm) was determined, fresh weight was multiplied by θm and
rock weight was subtracted to determine dry weight of the soil. Dry weight of the soil was then
divided by the volume of the sample minus the volume of the rocks to determine dry bulk
density.
Microbial Biomass Extractions
Microbial biomass extractions were performed according to Fierer (2003). Two sets of
10g fresh soil were weighed out in triplicate and placed in glass bottles. 40mL 0.5M K2SO4
were then added to each bottle. One set of bottles contained only soil and K2SO4, while the other
set had 0.5mL chloroform added. Bottles were then placed on a table-top shaker and were
shaken at 150 rev/min for four hours. After the shaking period, the soil was allowed to settle for
at least 15 minutes. After settling, the supernatant was decanted and poured through a filter
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manifold containing microfiber glass filters (Merck Millipore Ltd.) to catch any soil which may
have been poured off with the supernatant. The extract was collected in 50mL centrifuge tubes
(Thermo Scientific Nunc). The samples containing chloroform were then aerated using a
bubbler for 25 minutes to remove any remaining chloroform. After the filtering and bubbling
process, all extracts were frozen and stored at -20°C for downstream analyses.
Permanganate Oxidizable Carbon
A Permanganate Oxidizable Carbon (POXC) analysis were performed according to Weil
et al. (2003) and Culman et al. (2012). For this analysis, 5.0g air-dried soil was weighed out and
added to 50mL centrifuge tubes. After soil was added, 18mL of DI H2O was added to each tube.
After DI water was added, 2.0mL KMnO4 was quickly added, tube caps sealed, and hand shaken
to incorporate all soil. Tubes were then shaken on a shaker table for two minutes at 240
oscillations per minute. After shaking, the tubes were removed from the shaker table, handshaken once more to incorporate all soil, caps removed, and left to settle in a dark area for ten
minutes. While settling, a new set of 50mL centrifuge tubes were filled with 49.5mL DI water
and standards were prepared. After settling, 0.5mL of the supernatant was pipetted off the top of
each tube and transferred to the new set of centrifuge tubes. These tubes were then vortexed
(Fisher Scientific) to mix thoroughly. After vortexing, a 96-well microplate was prepared with
standards and samples. Once the plate was prepared, it was analyzed using a Synergy HT
microplate reader (BioTek, Winooski, VT). If multiple plates were required, the process was
started again, performing the analysis one plate at a time. POXC was then be calculated using
the equation provided by Weil et al. (2003).
pH
pH of the soil was determined using the DI water/soil solution method. For this protocol,
5g air-dried soil was added to 50mL centrifuge tubes—one per sample—and then 10mL DI
water was added to each tube. Each tube was vortexed (Fisher Scientific) for 15 seconds to
thoroughly mix and was then allowed to settle for 3 minutes. Once settling time was completed,
the pH probe was placed in the supernatant and swirled gently until the pH meter (Denver
Instrument, UB-10) reading had stabilized and pH recorded.
21

Extracellular Enzyme Assay
An enzyme assay was performed using the fluorescence method (Steinweg & McMahon).
For this protocol, substrates were prepared in advance and frozen. To start, substrates were
removed from the freezer and thawed in a beaker filled with water. Soil was pre-weighed (3g),
placed in 15mL centrifuge tubes, and frozen shortly after collection. The soil was combined
with 99mL 50mM Sodium Acetate buffer in a blender with a lid by blending for one minute.
The soil slurry was poured into a glass bowl on a stir plate with a stir bar to keep the soil
suspended. A multichannel pipette was then used to transfer 800μL of the soil slurry into the
designated wells of three deep-well plates—one for substrate addition, one for MUB standard
addition, and one for MUC standard addition. This blending and pipetting process was repeated
for 12 samples at a time. After thawing, MUB and MUC standards were prepared and 200μL of
each were added to the designated wells in the appropriate deep-well plates. Deep-well plate lids
were then pounded into place with a mallet, and each plate was placed into an incubator at 25°C
for 3 hours. Once the incubation was complete, the plates were centrifuged (Thermo Scientific
Sorvall STR16 Centrifuge) for 3 minutes at 1500 rpm. After centrifuging, 250μL of supernatant
from each well was transferred into the corresponding microplate well and 10μL 0.5N NaOH
was added to each well to adjust the pH. The plates were then analyzed using a plate reader
(BioTek, Winooski, VT).
Extractable Organic Carbon
A persulfate digestion to determine Extractable Organic Carbon (EOC) was performed
according to Doyle, Weintraub, & Schimel (2004). For this protocol, the extracts from the
microbial biomass extractions were thawed and used. Once thawed, 2mL of each extract was
pipetted into labeled 40mL glass vials. Then, 2mL of a prepared sodium persulfate solution was
added to each vial. As the sodium persulfate was added, the vials were immediately sealed with
rubber septa (Kimble Stoppers for Headspace Vials) and then crimped with metal seals. The
vials were then be placed in an oven at 80°C for at least 10 hours (overnight). After overnight
incubation, the vials were removed from the oven and allowed to cool to room temperature for
about an hour before being analyzed for CO2 with a CO2 Infrared Gas Analyzer (IRGA, LiCOR820, LiCor Inc., Lincoln NE).
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Nitrate Assay
A nitrate assay was performed according to Doane & Horwáth (2003). For this assay,
extracts from the microbial biomass extractions were used. 30μL of each sample and standards
were added to the appropriate wells of a 96-well microplate. Then, 100μL K2SO4 was added to
the appropriate “matrix solution blank” wells. Next, 300μL vanadium solution was added to the
sample, standard, and check standard wells. The solution in the wells was mixed by tapping the
corner of the plate, and then the plates were incubated for 5 hours or overnight. After incubation,
the plates were analyzed using a plate reader (BioTek, Winooski, VT).
Ammonium Assay
An ammonium assay was performed according to Rhine et al. (1998). For this assay,
extracts from the microbial biomass extractions were used. 70μL of each sample and standards
were added to the wells of a microplate. After this, 50μL citrate reagent was added to each well
and allowed to react for 1 minute. Then, 50μL PPS-nitroprusside reagent was added to each well
followed by 25μL buffered hypochlorite and then 50μL milliQ water. Lids were then attached to
the plates and the plates were shaken gently for 30 seconds. After shaking, the plates were left to
sit for 2 hours. After the sitting period, the plates were analyzed using a plate reader (BioTek,
Winooski, VT).
Data/Statistical Analysis
After each analysis was completed, the resulting data were compiled and processed
through an excel document to obtain values in the desired units. SOC data—from both all depths
and the surface soil alone—were run through an analysis of variance (ANOVA) and Tukey’s
Honestly Significant Difference (HSD) test to determine if there were any significant differences
in overall SOC stocks and surface soil SOC stocks between sites. Additional analyses were then
performed to determine how all of the other DSPs related to SOC. Once all DSP data had been
processed, all variables were run through a Pearson’s correlation to gain a basic understanding of
how they each related to SOC (SigmaPlot Version 14.5). A principal components analysis
(PCA) was also run on all variables to determine if any sites stood apart from the others and
which DSPs were contributing the most to the differences between sites (R Core Team, 2022).
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After gaining a basic understanding of the variables individually and as a group, educated
decisions were made about how each variable related to one another. Then a preliminary
structural equation model (SEM) was built reflecting these decisions. After this preliminary
model was run through R using the lavaan package (Yves, 2012), and the output was used to
inform the modifications which were made before running the model again. This process was
repeated until a model passed a significance test and demonstrated acceptable fit indices.
Through this model it was then possible to pick out which of the DSPs are the most important
predictors of SOC in Dewey soil.
Results
How Does Management Affect SOC?
The ANOVA and Tukey’s HSD which were performed using SOC data from all depths
revealed no significant differences between sites, but after running an additional ANOVA and
Tukey’s HSD with the data from the subsurface soil samples—which were likely causing the
sites to appear more similar than they actually were—excluded, there was a significant difference
between the RS site and the PMC site (p=0.0382) (Figure 3). The means from both datasets—all
depths and surface soil only—agree that the RS site had the largest amount of SOC and the PMC
had the smallest with only a slight difference in the order of the other three sites (Table 2). An
additional ANOVA and Tukey’s HSD was run on the subsurface soil data alone to ensure that
the assumption about these lower depth data causing the sites to appear more similar than they
actually are, was reliable. This final set of tests revealed that there were no significant
differences between sites at depth, and that focusing on the surface soil data was reasonable.
Which DSPs Control for SOC?
The Pearson’s correlation analysis revealed that the DSPs with the strongest relationships
with SOC were total nitrogen (TN), water-stable aggregates (WSA), permanganate oxidizable
carbon (POXC), and microbial biomass carbon (MBC). All four of these relationships and their
corresponding r values are shown in Figure 4. The principal components analysis results (Figure
5) show that the only site that stands apart from the others when considering all analyzed DSPs is
the RS site. The main reason for this difference is the especially low pH of the soil from the RS
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Figure 3: SOC means with standard error bars by site when the subsurface soil data is
excluded.
Significant differences (p<0.05) are denoted by letter groupings A, AB, and B where groups A and B are
significantly different from one another, and group AB is not significantly different from either group A or group B.
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Table 2: SOC mean values obtained through two separate Tukey’s HSDs
One HSD included SOC values from all samples and the other included SOC values only from the surface soil
samples. The order of mean SOC values is RS>WMP>WMC>PMP>PMC when all data are used. The order when
only surface soil data are used is mostly the same, except for the WMC and PMP sites are switched; however, the
means for these two sites are very close to one another in both cases, so the difference in order is likely trivial.

Site

PMC

Mean SOC

819.54

SOC Means Across All Depths (0-50cm)
WMC
PMP
WMP
1106.30

1092.26

1165.37

RS
1452.21

(μgC/g dry soil)

Site

PMC

Mean SOC

1152.22

SOC Means Surface Soil Only (0-15cm)
WMC
PMP
WMP
1555.56

1575.56

(μgC/g dry soil)
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1668.89

RS
2143.89

Figure 4: Scatter plots of the relationships between SOC four other DSPs
These are the relationships that were found to have the strongest significant relationships with SOC through a
Pearson’s Correlation Analysis with r values (representing the strength of each relationship) listed in the title of each
plot.
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Figure 5: A biplot showing the results from a PCA of all collected data
Each site is represented by different colored dots. Each arrow shows the direction in which each variable pulls the
individual datapoints, so since the RS site’s points are below all of the others, this tells us that the RS site’s
especially low pH (being the only variable with an up-and-down arrow) is the main variable responsible for this
difference.
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site, most likely caused by the site being in a partially coniferous forest. With these results in
mind, a preliminary SEM was put together, and after methodically sifting through these
relationships and making many small, informed modifications, a complete model with acceptable
fit indices (χ2 p-value = 0.244, CFI = 0.996, RMSEA = 0.053) was produced (Figure 6). This
model has four DSPs directly predicting for SOC and two DSPs being predicted by SOC. The
four direct predictors for SOC are Total N, PMN, MBC, and pH with path coefficients of 0.61,
0.24, 0.24, and -0.05 respectively (all with p-values < 0.05). There is also an indirectly
predictive relationship between POXC and SOC. This relationship is mediated by three of the
four direct relationships mentioned previously, each with its own separate path. The three
mediators of this relationship are Total N, PMN, and MBC resulting in indirect path coefficients
of 0.54, -0.10, and 0.18 respectively. In the other direction, the two DSPs which have been
found to be predicted by SOC are EOC and WSA with path coefficients of 1.43 and 0.62
respectively (both with p-values < 0.001). In the finished model, the R2 for SOC is 0.971,
meaning that 97.1% of the variation in SOC is explained by the model. The other endogenous
variables—variables that are being explained in the model—are EOC, WSA, MBC, Total N, SR,
and PMN with R2 values of 0.746, 0.638, 0.652, 0.789, 0.811, and 0.811 respectively.
Once the SEM was complete, the standardized total effects were calculated to gain a
better understanding of how all of these variables relate to one another (Table 3). The total effect
of POXC on EOC is the largest of all of the total effects with the total effect of SOC on EOC and
POXC on SOC second and third respectively. This implies that, while POXC did not end up
with a significant direct relationship with SOC, it still has a relatively large effect on SOC when
mediated through other variables like Total N, MBC, and PMN. This can also be said about the
other variables that display large total effects on variables even though they do not have a direct
relationship with them. It can also worth noting that of all of the variables that directly affect
SOC, Total N has the largest total effect by far, and out of all of the variables, only POXC has a
larger total effect on SOC the Total N, but not by much.
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Figure 6: A structural equation model constructed using data from all measured DSPs and
sites.
Thicker arrows represent stronger relationships. Solid arrows denote positive relationships and dashed arrows
denote negative relationships. Relationships are considered causal in the direction of the arrow (the curved doubleheaded arrow between SR and EOC represents a covariance). The smaller numbers next to all endogenous variables
are residuals, and the larger numbers next to every arrow are the path coefficients for that relationship.
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Table 3: Standardized total effects of every model variable
A table of all total effects represented in the above SEM (Figure 6). Only significant (p-value < 0.05) relationships
are shown. A total effect of 0.00 indicates that there are no pathways that connect the two variables.

Factors

SOC

EOC

WSA

MBC

SR

PMN

Total N

SOC →

0.00

1.43

0.95

0.00

-0.09

0.00

0.00

EOC →

0.00

0.00

0.23

0.00

-0.06

0.00

0.00

pH →

-0.22

-0.60

-0.26

-0.46

0.03

-0.24

0.00

MBC →

0.36

0.49

0.34

0.00

0.57

0.52

0.00

SR →

0.00

-0.06

-0.01

0.00

0.00

0.00

0.00

POXC →

1.00

2.23

0.38

0.73

0.84

0.75

0.89

PMN →

0.24

0.34

0.23

0.00

-0.02

0.00

0.00

Total N →

0.82

0.33

0.40

0.00

-0.02

0.87

0.00
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Discussion
After reviewing the results, it is clear that neither of the proposed hypotheses were
completely correct; although, they were not completely incorrect either. Regarding the first
hypothesis, the sites with the largest and smallest SOC stocks—RS and PMC—are as predicted,
but where the other three sites fall is not. The difference between the SOC measured in the RS
site and the two well-managed sites—although insignificant—is greater than expected, and the
difference between the WMP and PMP sites is negligible. These disparities between the
hypothesis and measured values are likely a result of overestimating the effects of conservation
and conventional practices on Dewey soil. The conservation practices were expected to have a
much larger impact on SOC than what was observed. This expected level of impact led to the
belief that the well-managed sites—especially the WMC site which has been under no till
management for almost 40 years—would be much more similar to the RS site and different from
the poorly-managed sites in terms of SOC. The WMC site did end up having a higher mean
SOC than the PMC site, but the difference was not significant, and there was almost no
difference in mean SOC between the two pasture sites.
The lack of significant differences between the well- and poorly-managed sites could also
be reflective of an overestimation of how much of a detriment conventional practices are to
Dewey soil. It is also possible that Dewey soil itself was underestimated in terms of resilience.
If Dewey is a highly resilient soil, that could explain the lack of significant differences between
the well- and poorly-managed sites. Whether or not this potential resilience will remain
unchanged in the future is another question that should be considered. Another possible
explanation for the lack of significant differences between the well- and poorly-managed sites
lies in the C:N. The C:N site means are only significantly different between the RS site and the
other four sites. While the RS site has a significantly higher C:N than the other sites, which lines
up with its high SOC content, the other sites’ mean C:Ns are not significantly different from each
other. Since C:N is often found to have a strong relationship with SOC due to the effects it has
on SOC accumulation, this could be why there is not as much of a difference between the welland poorly-managed sites as expected.
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The second hypothesis was also incorrect. WSA, clay content, and moisture were
expected to be the best predictors of SOC in Dewey soil, but based on the resulting SEM, none
of these properties ended up making that list. WSA did prove to have a statistically strong and
significant relationship with SOC when observed on its own, and within the context of the SEM
it still has a relatively strong and significant relationship with SOC, but the direction of that
relationship is opposite of what was expected. The other two hypothesized predictors did not
make it into the final model at all; however, this is not to say that the SEM results were entirely
unpredictable. The DSPs that ended up being predictors for SOC—Total N, PMN, MBC, and
pH—do have relationships with SOC that have been found to be significant in past studies
(Brahim et al., 2011; Dai et al., 2022; Assefa et al., 2017; Zhang et al., 2021; Ma et al., 2021; Jin
et al., 2020; Yang et al., 2019), so it should not be surprising that those relationships exist here
too.
Of these four controlling properties, pH explains the least amount of variance in SOC.
The relationship between pH and SOC, while significant, has a path coefficient of only -0.05.
This relationship was also found to be significant in a study conducted by Yang et al. (2019);
however, their SEM showed pH having a stronger, positive relationship with SOC (path
coefficient = 0.27). While their study did take place in a climate (subtropical) different from that
of from East Tennessee, it was still worth exploring why this relationship is different in Dewey
soil. It is likely that the negative relationship between SOC and pH found in this study exists for
the same reason that pH appears to be the main cause of the RS site being separated from the
others in the PCA results. The RS site is the only site that differed substantially from the others
in terms of pH, and it also has the largest SOC stocks of all of the sites, but this is more likely to
be due to site characteristics, such as a lack of disturbance for the last 100 years, rather than pH.
If the RS site’s low soil pH is largely responsible for setting that site apart from the others in the
PCA, it stands to reason that it could also be responsible for this slight, negative relationship
between pH and SOC. When interpreting this SEM it is also important to consider the DSP data
which were used in its construction. In almost all of the variables, there were more significant
differences between means when the surface soil is isolated, but the current SEM was built using
data from all depths. An SEM that only uses data from the surface soil might be more
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descriptive and could reveal additional relationships that were previously muddled by the
subsurface soil data.
The only truly surprising part of the SEM is the lack of a direct relationship between SOC
and POXC. POXC is often used as a predictor for SOC, since it is relatively inexpensive to
measure and it responds to management shifts much more quickly than SOC does. It was
certainly surprising when it ended up being impossible to include a direct relationship between
SOC and POXC in the model; however, POXC did end up with three indirect relationships with
SOC, resulting in one of the highest total effects out of all variables included in the model. This
implies that POXC could potentially be used as a predictor for SOC in Dewey soil, but its
predictive ability would be much better if it is accompanied by one, two, or preferably all three
of the mediators indicated in the SEM; however, this does not replace the reduction of cost that
using POXC alone as a predictor provides. Truly replacing POXC as a predictor for SOC would
entail finding a DSP or a group of DSPs that are not only strong predictors of SOC, but are also
quick and inexpensive to measure. Overall, POXC does have a strong relationship with SOC
both on its own and in the context of the other measured DSPs, so it is still reasonable to use it as
an indicator for SOC in Dewey soil.
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CHAPTER III: THE EFFECTS OF MANAGEMENT ON SOIL MICROBIAL
SENSITIVITY TO TEMPERATURE CHANGE IN A CRITICAL EAST TENNESSEE
SOIL
Introduction
Soil respiration is the main pathway for carbon to be released from the soil to the
atmosphere as CO2. This process can be accelerated by an increase in temperature, creating a
positive feedback loop in our warming climate where increased atmospheric CO2 leads to an
increase in temperature. Determining which land management regimes promote soils that can
shield the microbial community from an increase in temperature, diminishing the effect that the
climate will have on soil respiration, is an important step towards mitigating the effects of this
positive feedback loop. This was evaluated through a Q10 measurement of respiration in a
laboratory setting. Q10 is a unitless value which expresses how the rate of a reaction changes
from one temperature to 10°C above that original temperature. These values are very useful
when addressing questions about reaction rate sensitivity, especially when observing this
sensitivity in the context of a warming climate. While soil respiration rates provide important
insight into the dynamics of a soil on their own, if the goal is to predict how well a soil will be
able to sequester carbon in the future—or how management might affect this ability—Q10 values
are indispensable information. To discover how the respiration rates of the microbial
communities in Dewey soil are affected by management, the following question was addressed:
Which management regimes will promote the lowest levels of microbial sensitivity to
temperature change? In response to this question the following hypothesis was proposed:
Hypothesis 3
In comparison with a reference state, the well-managed regimes will promote similar
levels of microbial sensitivity to temperature change, and the poorly-managed regimes will
promote higher levels of microbial sensitivity to temperature change due to erosion-exposed,
disturbed soils.
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Rationale for Hypothesis 3
The reference state and well-managed regimes will promote the lowest levels of
sensitivity to temperature change due to the presence of stable aggregates which act as physical
protection against temperature increases for the microbial community. The poorly-managed
regimes will promote the highest levels of sensitivity to temperature change due to their lack of
stable aggregates resulting from the disturbance of the soil caused by their management.
Methods
Field
Three soil pits were dug using either a shovel or a backhoe in a triangle formation with
one main pit—at least 100cm deep—and two satellite pits—at least 50cm deep. All samples
were taken from the Dewey soil series. After full classification by the NCSS, bulk soil and bulk
density samples were taken from five depths (0-5cm, 5-10cm, 10-15cm, 30-35cm, and 45-50cm)
in each pit. Bulk soil samples were at least 400g each to ensure enough soil was taken for all
laboratory analyses. Bulk density samples were taken according to the core method (Blake &
Hartge, 1986). As samples were collected, they were placed in pre-labeled plastic bags and
stored in a cooler with ambient temperature ice packs for insulation to keep the samples as close
to their original temperature as possible.
Laboratory Sample Prep and Subsampling
Once transported to the laboratory, samples were sieved past 2mm prior to further
laboratory analyses. 100g were taken from the bulk soil samples and placed in labeled paper
bags to air dry and archive. Another 100g were frozen at -20°C and 10g at -80°C for possible
future analyses.
Laboratory Experiment
Microbial respiration was determined through the use of sealed mason jars and a CO2
Infrared Gas Analyzer (IRGA, LiCOR-820, LiCor Inc., Lincoln NE). Two sets of 10g fresh soil
from each sample were placed into pint-sized mason jars (Ball Mason Jars) and after being
properly aired out using a desk fan, the jars were sealed with lids equipped with rubber septa
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(Kimble Stoppers for Headspace Vials) and an initial CO2 measurement (T0) was taken. After
measurement, one set of jars were incubated at room temperature (room temperature set as 22°C)
and the other set were incubated at 10°C above room temperature. This was done to determine a
Q10 measurement of soil respiration for each sample. A second measurement was taken after 24
hours of incubation (T24h) and a third after seven days of incubation (T7d). The resulting values
were used to determine the rate of carbon loss from each sample over time at each temperature.
Data/Statistical Analysis
The resulting ppm values were converted to μgC/g dry soil/day to determine the rate of
respiration for each sample at both 22°C and 32°C. The rate of respiration at 32°C was then
divided by the rate of respiration at 22°C to determine the Q10 for each sample. Once the Q10
values had all been calculated, an analysis of variance (ANOVA) and Tukey’s Honestly
Significant Difference (HSD) test were run on the resulting data across all depths and sites (R
Core Team, 2022; de Mendiburu F, 2021). After the initial analysis, an additional ANOVA and
Tukey’s HSD was run excluding the samples taken from the subsurface soil—depth intervals 3035cm and 45-50cm—after observing the variance between sites in Microbial Biomass Carbon
(MBC) which is much larger in the surface soil than in the subsurface soil (Figure 7).
Results
The initial ANOVA and Tukey’s HSD run, which included data from all depths, showed
that the lowest mean Q10 belonged to the well-managed pasture (WMP) site (Table 4); however,
there were no significant differences between sites (Figure 8). After finding no significant
differences between sites, a second ANOVA and Tukey’s HSD were run on only the data from
the surface soil (the top 15cm). The subsurface soil data were excluded due to the high
probability that there was very little variation in SOC that deep in the profile. An additional
ANOVA and Tukey’s HSD run on just the subsurface soil showed no significant differences
between sites and confirmed this theory. The follow-up ANOVA and Tukey’s HSD revealed
that the WMP site still had the lowest mean Q10 (Table 5), but with the subsurface soil data
excluded, the differences between the WMP and the poorly-managed pasture (PMP), wellmanaged cropland (WMC), poorly-managed cropland (PMC), and reference state (RS) sites were
all significant (p=0.000, 0.0006, 0.0004, and 0.0047 respectively) (Figure 9).
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Figure 7: Depth profile chart of measured MBC values
This shows how MBC levels—while varied in the surface soil—converge across sites in the subsurface soil (depth
ranges 30-35cm and 45-50cm). Sites are represented by different colored lines.
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Table 4: The mean Q10 values for each site with all depths included
No significant differences were found between sites.

Site

PMC

Mean Q10

2.26

Q10 Means Across All Depths (0-50cm)
WMC
PMP
WMP
2.17

2.01

39

1.82

RS
1.92

Figure 8: The Q10 means for each site across all depths
Error bars and letters indicating statistical groups are included. There are no significant differences between means.
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Table 5: The mean Q10 values for each site when only the surface soil is considered
Significant differences exist between the WMP site mean and all other site means.

Site

PMC

Mean Q10

2.11

Q10 Means Surface Soil Only (0-15cm)
WMC
PMP
WMP
2.07

2.33

41

1.27

RS
1.95

Figure 9: The Q10 means for each site across all depths
Error bars and letters indicating statistical groups are included. The WMP site’s mean Q10 is significantly different
from all of the other site means.
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Discussion
The proposed hypothesis stated that the Q10 values of the well-managed sites would be
similar to that of the RS site, and that the Q10 values of the poorly-managed sites would be higher
than all of the other sites. This hypothesis was mostly correct in that the well-managed sites and
the RS site all had lower Q10 values than the poorly-managed sites. This is only true when the
subsurface soil data is excluded, but when all depths are considered, the main difference in the
order of mean Q10 values is that the WMC site is more sensitive than the PMP site; however, the
difference in these means are not significant. The other exception to the correctness of the
hypothesis is that the WMP site has a significantly lower Q10 than the RS site. It was expected
that not only would these sites have similar Q10 values—as stated in the hypothesis—but that the
RS site would have the lowest mean Q10 of all sites, but not significantly lower than the wellmanaged sites. Both of these predictions were incorrect. It is possible that the relatively low
gravimetric water content (GWC) of the WMP site could be partially responsible for these
unforeseen results. Another Q10 study in a temperate climate conducted by Yan et al. (2019)
found a significant relationship between Q10 and soil moisture, where lower moisture was
connected to a lower respiration Q10. After running a follow-up ANOVA and Tukey’s HSD on
the GWC data collected from all samples, it was revealed that the WMP site had the lowest mean
GWC of all sites, and both the WMP and PMC sites had significantly lower mean GWC than the
WMC which had the second highest Q10 when all depths were considered and the third highest
with only the surface soil considered. This would not completely explain the mean Q10 values
for all of the sites since the other site with low GWC—the PMC site—had one of the two highest
mean Q10 values in both analyses, but it is certainly possible that it played some sort of roll in the
WMP site’s significantly low Q10.
According to the surface soil data, the microbial community from the WMP site is more
resistant to temperature change than any of the other sites with no other significant differences;
however, this is most likely not the full picture. This Q10 experiment was conducted using bare
soil in a laboratory environment, so most field conditions were not present. It is likely that
standing vegetation and litter ground cover would play a significant role in insulating the
underlying soil and dampening the effects of temperature change. The RS site had much more
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litter cover than the other sites (Figure 10), and the WMP site had the most dense, low-lying
vegetation cover of all the sites by far (Figure 11). On the other end of the spectrum, the PMP
site had very little ground cover other than very short, heavily grazed grass (Figure 12). While
this ground cover was not present in this experiment, the effects that the ground cover has on the
soil’s microbial community—in terms of size and diversity—were. When looking at these sites,
it is visually obvious that the WMP site has the highest plant diversity of all of the study sites.
This is confirmed when looking at the site descriptions developed by the NCSS when sampling
was taking place. Out of all of the sites, the WMP site has the largest number of plant species
recorded by the NCSS, and the site with the second largest number of recorded species—the
PMP site—only has two-thirds of what the WMP site has. It is well known that a microbial
community with high diversity is usually more resilient than one with low diversity, and high
plant diversity promotes high microbial diversity (Zak, et al., 2003; Chen et al., 2019). This
could be another reason why the WMP site has such a low mean Q10 when compared to the other
sites. While it is true that the results from this experiment are only a snapshot of these soil’s
respiration Q10, and these values can vary significantly between times of day, seasons, and years
(Yan et al., 2019), they still provide valuable insight into how Dewey soil is affected by
management. A future long-term field experiment could certainly expand upon these findings
and provide more context for what was observed in this experiment; however, it is likely that the
WMP would still have a very low Q10 due to its especially high plant diversity.
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Figure 10: A picture taken at the RS site showing the amount of litter cover present
This litter remains on the forest floor year-round.
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Figure 11: A picture taken at the WMP site showing the thick low-lying vegetation present
in the sampled pasture.
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Figure 12: A picture taken at the PMP site showing how all low-lying vegetation has been
over-grazed and provides very little protection for the underlying soil.
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CHAPTER IV: CONCLUSIONS
Characterizing the dynamic soil properties (DSPs) of critical soil series is a very
important next step towards better understanding how human activity affects the soils that
support human populations around the world. This is a major undertaking that every National
Cooperative Soil Survey (NCSS) office across the country has begun to tackle one soil series at a
time. In this study—conducted within the Southern Appalachian Ridges and Valleys major land
resource area (MLRA) in East Tennessee—was part of a joint effort between the NCSS and the
University of Tennessee, Knoxville (UTK) to better characterize the Dewey soil series in the
context of its DSPs. Through this study, a significant difference was found between the soil
organic carbon (SOC) stocks of Dewey soil under conventional tillage (the poorly-managed
cropland (PMC) site) and forest Dewey soil that has been undisturbed for about 100 years (the
reference state (RS) site). While the RS site did have the highest mean SOC of all five study
sites, the mean SOC of the soil from the cropland under no till management (the well-managed
cropland (WMC) site) was not significantly different from the RS site soil. This implies that
switching from conventional tillage to no till could result in a significant improvement in SOC
stocks—and quite possibly yield as well according to Page et al. (2020)—for Dewey soil.
While there was not a significant difference between the two pasture sites when looking
at current SOC stocks, there was a significant difference between these two sites in microbial
temperature sensitivity, measured as a Q10 for soil respiration. Since soil respiration is the main
pathway for carbon to be transferred from the soil to the atmosphere as CO2, it is possible that
the current insignificant difference that grazing management appears to have on the SOC content
of Dewey soils may become significant in the future as the climate continues to warm. This is
only the case if the Q10 values observed in the laboratory experiment as part of this study are
consistent with the real-world respiration Q10 values for these sites; however, due to the high
plant diversity at the WMP site, it is likely that this site would be found to be less sensitive to
temperature change than the other sites in a long-term field study as well.
Being able to predict how the SOC stocks of Dewey soil in general would be affected by
future shifts in management without having to pay and wait for an expensive SOC analysis, it is
crucial to analyze how each of the many DSPs interact with each other—and especially SOC—
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statistically. The structural equation model (SEM) produced through this study visually
represents all of the significant relationships—and the direction of those relationships—between
the observed DSPs of Dewey soil across all five study sites. Through this SEM, it was revealed
that there are four DSPs with significant, direct relationships toward SOC: Total Nitrogen (TN),
potentially mineralizable nitrogen (PMN), microbial biomass carbon (MBC), and pH. While the
relationship between pH and SOC could possibly be falsely significant as a result of the
especially low pH of the forested RS site, the other three predictive DSPs have the statistical
potential to be used to predict SOC. The only problem with this is that the only one of these
three DSPs that is relatively quick and inexpensive to measure is MBC. Permanganate
oxidizable carbon (POXC)—a DSP which is commonly used as an indicator for SOC—did not
end up having a direct relationship with SOC in this SEM, but it did have the strongest total
effect on SOC. This, along with the strong one-on-one correlation between SOC and POXC,
implied that while it does not appear to have a direct relationship with SOC, POXC can still be
used as an indicator for SOC in Dewey soil. Adding the indirect effect of POXC—which is also
relatively quick and inexpensive to measure—to the direct effect of MBC on SOC could be a
good method for predicting SOC stocks in Dewey soil with even more confidence than either of
these DSPs alone. This SEM can also be used to quantify how all of these DSPs relate to one
another. This is an important step towards a much better understanding of the dynamics of
Dewey soil, and how this critical East Tennessee soil can be better cared for.
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APPENDICIES
Appendix A
Table A-1: Comparisons Between Site SOC Data (all depths) R Package “agricolae”
Readout
A table of all of the comparisons made between the mean SOC values of each site when data from all depths are
considered. The ‘difference’ column has all of the differences between means, and in the ‘p-value’ column. There
are no significant differences between sites.

difference

p-value

PMC - PMP

-272.72132

0.8986

PMC - RS

-632.67247

0.2442

PMC - WMC

-286.76142

0.8808

PMC - WMP

-345.83426

0.7890

PMP - RS

-359.95114

0.7636

PMP - WMC

-14.04010

1.0000

PMP - WMP

-73.11293

0.9993

RS - WMC

345.91104

0.7889

RS - WMP

286.83821

0.8807

WMC - WMP

-59.07283

0.9997
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Table A-2: Site SOC Means and Groups (all depths) R Package “agricolae” Readout
A table of the mean SOC values for each site when data from all depths are considered. Standard errors are in
parentheses. Letter groups refer to statistical significance groups where means in group A would be significantly
different from those in other letter groups; however, there are no significant differences between sites.

Site

Mean SOC (μgC/g dry soil)

Group

WMP

1165.37(91.93)

A

PMP

1092.26(97.87)

A

WMC

1106.30(84.52)

A

PMC

819.54(54.23)

A

RS

1452.21(136.17)

A

Table A-3: Comparisons between site SOC data (top 15cm) R package “agricolae” readout
A table of all of the comparisons made between the mean SOC values of each site when only the surface soil
samples are considered. The ‘difference’ column has all of the differences between means, and in the ‘p-value’
column, asterisks denote significant differences (p-value < 0.05).

difference

p-value

PMC - PMP

-423.33333

0.7125

PMC - RS

-991.66667

0.0382

PMC - WMC

-403.33333

0.7473

PMC - WMP

-516.66667

0.5395

PMP - RS

-568.33333

0.4449

PMP - WMC

20.00000

1.0000

PMP - WMP

-93.33333

0.9986

RS - WMC

588.33333

0.4100

RS - WMP

475.00000

0.6177

WMC - WMP

-113.33333

0.9970
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*

Table A-4: Site SOC means and groups (top 15cm) R package “agricolae” readout
A table of the mean SOC values for each site when only the surface soil samples are considered. Standard errors are
in parentheses. Letter groups refer to statistical significance groups where means in group A are significantly
different from those in group B, and those in group AB are not significantly different from either groups A or B.

Site

Mean SOC (μgC/g dry soil)

Group

WMP

1668.89(93.44)

AB

PMP

1575.56(115.25)

AB

WMC

1555.56(90.39)

AB

PMC

1152.22(40.33)

B

RS

2143.89(154.96)

A

Table A-5: Comparisons between site SOC data (subsurface only) R package “agricolae”
readout
A table of all of the comparisons made between the mean SOC values of each site when only the subsurface soil
samples are considered. The ‘difference’ column has all of the differences between means, and in the ‘p-value’
column, asterisks would denote significant differences (p-value < 0.05), but there are none.

difference

p-value

PMC - PMP

-46.803308

0.8090

PMC - RS

-94.181163

0.2134

PMC - WMC

-111.903553

0.0987

PMC - WMP

-89.585640

0.2555

PMP - RS

-47.377856

0.8021

PMP - WMC

-65.100245

0.5604

PMP - WMP

-42.782332

0.8537

RS - WMC

-17.722390

0.9935

RS - WMP

4.595523

1.0000

WMC - WMP

22.317913

0.9844

61

Table A-6: Site SOC means and groups (subsurface only) R package “agricolae” readout
A table of the mean SOC values for each site when only the subsurface soil samples are considered. Standard errors
are in parentheses. Letter groups refer to statistical significance groups where means in group A would be
significantly different from those in other letter groups, but there are no significant differences between sites.

Site

Mean SOC (μgC/g dry soil)

Group

WMP

410.09(13.39)

A

PMP

367.31(11.34)

A

WMC

432.41(11.25)

A

PMC

320.51(9.01)

A

RS

414.69(20.07)

A

Appendix B
Table B-1: Comparisons between site Q10 data (all depths) R package “agricolae” readout
A table of all of the comparisons made between the mean Q 10 values of each site when all data are considered. The
‘difference’ column has all of the differences between means, and in the ‘p-value’ column, asterisks would denote
significant differences, but there are none.

difference

p-value

PMC - PMP

1.0293160

0.4996

PMC - RS

1.4561821

0.1545

PMC - WMC

0.6682922

0.8259

PMC - WMP

0.2242626

0.9972

PMP - RS

0.4268661

0.9630

PMP - WMC

-0.3610237

0.9799

PMP - WMP

-0.8050534

0.7595

RS - WMC

-0.7878899

0.7221

RS - WMP

-1.2319195

0.3582

WMC - WMP

-0.4440296

0.9633

62

Table B-2: Site Q10 means and groups (all depths) R package “agricolae” readout
A table of the mean Q10 values for each site when all data are considered. Standard errors are in parentheses. Letter
groups refer to statistical significance groups where means in group A would be significantly different from those in
other letter groups, but there are no significant differences between sites.

Site

Mean Q10

Group

WMP

3.13(0.34)

A

PMP

2.32(0.12)

A

WMC

2.68(0.13)

A

PMC

3.35(0.25)

A

RS

1.89(0.06)

A

Table B-3: Comparisons between site Q10 data (top 15cm) R package “agricolae” readout
A table of all of the comparisons made between the mean Q10 values of each site when only the top 15cm of soil is
considered. The ‘difference’ column has all of the differences between means, and in the ‘p-value’ column,
asterisks denote significant differences (p-values < 0.01 are marked by ** and p-values < 0.001 are marked by ***).

difference

p-value

PMC - PMP

0.22837191

0.6685

PMC - RS

0.15777969

0.8323

PMC - WMC

0.03525834

0.9994

PMC - WMP

0.83399962

0.0004

PMP - RS

0.38615160

0.1457

PMP - WMC

0.26363026

0.5159

PMP - WMP

1.06237154

0.0000

RS - WMC

0.12252134

0.9185

RS - WMP

0.67621994

0.0047

**

WMC - WMP

0.79874128

0.0006

***
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***

***

Table B-4: Site Q10 means and groups (top 15cm) R package “agricolae” readout
A table of the mean Q10 values for each site when only the top 15cm of soil is considered. Standard errors are in
parentheses. Letter groups refer to statistical significance groups where means in group A are significantly different
from those in group B.

Site

Mean Q10

Group

WMP

1.27(0.53)

B

PMP

2.33(0.17)

A

WMC

2.07(0.06)

A

PMC

2.11(0.41)

A

RS

1.95(0.08)

A

Table B-5: Site Q10 means and groups (subsurface soil only) R package “agricolae” readout
A table of the mean Q10 values for each site when only the subsurface soil is considered. Standard errors are in
parentheses. Letter groups refer to statistical significance groups where means in group A are significantly different
from those in group B, and means in group AB are not significantly different from either group A or B.

Site

Mean Q10

Group

WMP

3.59(0.21)

AB

PMP

1.74(0.10)

B

WMC

3.59(0.25)

A

PMC

3.34(0.20)

AB

RS

1.73(0.11)

B
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Appendix C
Table C-1: All other DSP means not provided in previous tables
Means in different letter groups are significantly different, and letter groupings only apply to the means of the same
DSP and depth designation (these designations being All Depths, Surface, and Subsurface). Standard errors are in
parentheses when appropriate followed by the group letter.

DSP

C:N

BD
(g/cm3)

GWC
(g/g)

pH

Site

All Depths

Surface

Subsurface

WMP

8.16 b

8.88 b

7.07 b

PMP

7.84 b

8.99 b

6.11 b

WMC

7.65 b

8.87 b

5.82 a

PMC

8.25 b

8.88 b

7.30 a

RS

11.42 a

13.79 a

7.86 a

WMP

1.03(0.02) c

0.92(0.02) b

1.20(0.02) b

PMP

1.31(0.02) ab

1.23(0.02) a

1.44(0.04) ab

WMC

1.31(0.03) ab

1.13(0.02) ab

1.58(0.04) a

PMC

1.40(0.03) a

1.34(0.02) a

1.49(0.06) ab

RS

1.11(0.03) bc

0.98(0.03) b

1.30(0.04) ab

WMP

0.1458(0.003) c

0.1440(0.004) b

0.1484(0.002) a

PMP

0.1467(0.003) bc

0.1587(0.003) ab

0.1287(0.003) a

WMC

0.1792(0.004) a

0.1951(0.006) a

0.1554(0.004) a

PMC

0.1525(0.004) abc

0.1452(0.004) b

0.1636(0.010) a

RS

0.1788(0.004) ab

0.1803(0.006) ab

0.1766(0.003) a

WMP

5.86(0.01) bc

5.83(0.02) b

5.92(0.01) a

PMP

6.05(0.06) ab

6.30(0.03) a

5.68(0.12) a

WMC

6.23(0.03) a

6.23(0.05) a

6.23(0.04) a

PMC

5.62(0.03) c

5.60(0.03) b

5.66(0.05) a

RS

4.39(0.01) d

4.40(0.02) c

4.38(0.02) b
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Table C-1 Continued
DSP

Site

All Depths

Surface

Subsurface

WMP

24.72(0.88) a

23.17(0.28) ab

27.05(2.21) a

PMP

32.20(1.44) a

25.39(1.04) a

42.42(2.25) a

WMC

31.29(1.05) a

25.19(0.51) a

40.43(1.24) a

PMC

27.41(1.34) a

19.93(0.37) b

38.62(1.96) a

RS

24.59(0.64) a

20.95(0.23) ab

30.06(0.85) a

WMP

59.61(2.42) a

71.25(2.90) b

42.16(0.68) a

PMP

65.43(2.01) a

78.16(1.15) ab

46.33(0.82) a

WMC

56.79(2.95) a

66.42(3.16) b

42.34(4.81) a

PMC

33.69(2.03) b

44.91(2.03) c

16.87(0.34) b

RS

73.88(2.90) a

92.08(0.66) a

46.59(2.89) a

WMP

229.56(15.41) a

304.80(17.90) a

116.71(6.55) a

AC

PMP

230.60(20.56) a

324.56(25.66) a

89.65(7.39) a

(μgC/g

WMC

223.16(19.73) a

308.32(25.10) a

95.41(11.23) a

dry soil)

PMC

253.26(16.83) a

340.44(18.54) a

122.49(4.28) a

RS

178.38(23.20) a

264.80(32.43) a

48.75(11.07) a

WMP

8.76(1.16) ab

13.15(1.64) ab

2.17(0.11) b

IN

PMP

8.04(1.55) ab

12.27(2.41) ab

1.70(0.33) b

(μgN/g

WMC

15.39(2.12) a

24.44(2.81) a

1.82(0.27) b

dry soil)

PMC

5.16(0.27) ab

4.74(0.27) b

5.78(0.55) a

RS

1.35(0.11) b

1.62(0.16) b

0.94(0.13) b

WMP

207.02(12.63) b

270.38(10.60) b

111.99(15.68) ab

EOC

PMP

146.67(10.89) b

204.68(11.45) bc

59.66(3.35) b

(μgC/g

WMC

108.48(4.24) b

111.36(4.72) c

104.15(8.44) ab

dry soil)

PMC

161.41(10.06) b

209.56(11.22) bc

89.19(7.62) ab

RS

409.12(26.62) a

569.14(20.48) a

169.09(10.56) a

Clay (%)

WSA
(%)
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Table C-1 Continued
DSP

Site

All Depths

Surface

Subsurface

WMP

103.72(9.29) b

148.69(9.55) b

36.28(9.07) a

MBC

PMP

91.44(11.33) b

131.86(16.28) b

30.82(2.28) a

(μgC/g

WMC

118.61(12.76) b

171.11(17.36) b

39.85(1.94) a

dry soil)

PMC

58.22(4.73) b

54.84(4.88) b

63.30(9.88) a

RS

270.10(25.70) a

405.66(28.05) a

67.00(3.76) a

WMP

54.66(4.06) a

86.22(7.34) ab

7.32(0.65) a

PMN

PMP

38.24(3.44) a

58.28(3.06) ab

8.19(0.45) a

(μgN/g

WMC

38.75(4.06) a

61.39(3.10) ab

4.78(0.25) a

dry soil)

PMC

29.71(2.62) a

46.50(1.54) b

4.54(0.28) a

RS

72.27(10.04) a

116.00(13.19) a

6.68(0.78) a

WMP

27.21(3.31) b

43.31(3.97) b

3.05(0.28) a

PMP

16.39(3.06) b

25.99(4.65) bc

2.00(0.13) a

WMC

14.37(2.08) b

22.09(2.98) bc

2.78(0.12) a

PMC

109.96(11.10) a

182.36(5.63) a

1.36(0.24) a

RS

4.90(0.45) b

7.00(0.57) c

1.74(0.06) a

WMP

137.80(10.49) a

191.11(11.93) a

57.83(1.66) bc

TN

PMP

129.21(10.12) a

175.00(12.90) a

60.52(1.88) ab

(μgN/g

WMC

135.02(8.38) a

175.56(10.06) a

74.22(1.53) a

dry soil)

PMC

94.95(5.51) a

129.06(3.91) a

43.80(1.02) c

RS

112.14(8.15) a

152.06(9.62) a

52.26(1.84) bc

WMP

305.41(32.80) a

488.67(32.05) a

30.52(5.27) b

POXC

PMP

313.72(34.49) a

494.84(37.57) a

42.04(4.30) b

(μgC/g

WMC

398.49(35.15) a

581.70(38.62) a

123.68(6.04) a

dry soil)

PMC

265.21(16.68) a

372.74(8.32) a

103.93(6.78) a

RS

322.97(27.65) a

453.08(33.73) a

127.81(9.07) a

P (μgP/g
dry soil)
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Table C-1 Continued
DSP

POXC:
SOC

Site

All Depths

Surface

Subsurface

WMP

0.20 b

0.30 ab

0.07 c

PMP

0.24 ab

0.33 ab

0.11 bc

WMC

0.34 a

0.38 a

0.29 ab

PMC

0.33 a

0.33 ab

0.33 a

RS

0.27 ab

0.22 b

0.33 a
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Table C-2: Means, standard errors, and letter groupings for all analyzed extracellular
enzymes by site and depth.
Means in different letter groups are significantly different, and letter groupings only apply to the means of the same
DSP and depth designation (these designations being All Depths, Surface, and Subsurface). Standard errors are in
parentheses when appropriate followed by the group letter.

Enzyme

Site

Mean (All Depths)

Mean (Surface)

Mean (Subsurface)

AG

WMP

4.40(0.51) a

9.47(1.06) a

0.00 a

Activity

PMP

2.87(1.54) a

8.11(2.28) a

0.00 a

(nmol/g

WMC

4.53(1.80) a

11.35(2.55) a

0.00 a

dry

PMC

2.34(0.63) a

6.08(0.46) a

0.00 a

soil/hr)

RS

0.00 a

0.00 a

0.00 a

BG

WMP

83.88(7.69) a

129.73(6.30) ab

15.10(1.85) a

Activity

PMP

74.13(9.12) a

118.66(10.79) ab

7.30(2.25) a

(nmol/g

WMC

105.22(11.44) a

164.73(12.56) a

15.96(2.46) a

dry

PMC

62.74(5.65) a

96.06(4.57) ab

12.75(2.55) a

soil/hr)

RS

38.44(4.72) a

62.10(5.47) b

2.96(0.54) a

CB

WMP

26.91(3.32) ab

45.63(3.16) ab

0.00 a

Activity

PMP

20.63(3.42) ab

36.49(4.27) ab

0.00 a

(nmol/g

WMC

41.69(4.81) a

71.09(7.39) a

0.00 a

dry

PMC

17.56(1.10) ab

28.98(1.76) b

0.43(0.82) a

soil/hr)

RS

5.27(1.52) b

12.48(1.79) b

0.00 a

LAP

WMP

18.18(1.93) a

28.17(2.13) a

3.19(0.47) a

Activity

PMP

11.30(3.15) a

20.87(4.47) a

0.00 a

(nmol/g

WMC

21.06(2.26) a

32.00(2.67) a

4.64(0.74) a

dry

PMC

14.51(1.02) a

17.34(1.37) a

10.27(1.27) a

soil/hr)

RS

6.24(0.84) a

9.77(1.07) a

0.96(0.52) a
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Table C-2 Continued
Enzyme

Site

Mean (All Depths)

Mean (Surface)

Mean (Subsurface)

NAG

WMP

60.07(5.22) a

93.88(2.71) a

9.37(1.19) a

Activity

PMP

46.30(4.76) a

70.10(5.02) ab

10.59(3.60) a

(nmol/g

WMC

45.97(5.31) a

73.91(5.72) ab

4.06(1.24) a

dry

PMC

24.46(2.07) a

37.01(1.47) b

5.63(1.06) a

soil/hr)

RS

56.97(5.71) a

86.22(6.36) a

13.09(1.73) a

PHOS

WMP

275.16(11.10) a

338.76(8.26) ab

179.75(9.56) a

Activity

PMP

281.07(23.01) a

408.13(21.89) a

90.49(11.61) ab

(nmol/g

WMC

264.22(15.50) a

352.94(13.04) ab

131.14(9.61) ab

dry

PMC

176.29(13.80) a

256.29(11.86) b

56.29(5.94) b

soil/hr)

RS

306.08(21.56) a

422.72(21.33) a

131.13(11.00) ab

XYL

WMP

16.10(1.95) a

27.64(1.94) a

1.03(0.71) a

Activity

PMP

13.11(2.43) a

22.91(3.31) a

0.00 a

(nmol/g

WMC

18.78(3.12) a

31.11(4.32) a

0.28(0.75) a

dry

PMC

7.97(1.00) a

13.61(0.72) a

0.00 a

soil/hr)

RS

11.60(1.66) a

20.46(1.65) a

0.00 a
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